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SUMMARY 
Different users in social media have different influences to the evolution of a web event. Finding 
influential users could benefit recommendation, public opinion analysis, product marketing, etc. 
However, most of the existing methods are only based on social networks (e.g., user follower network 
or user behavior network), while the role of content discussed by users in social media is often 
unrecognized. The web event evolves with both user behaviors and semantic information. This paper 
proposes an approach to find influential users by extracting user behavior network and keyword 
association link network, and then uses PageRank and HITS to find the influence of users. 
Experiments on the real-world datasets show the effectiveness of the proposed approach. 
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1.  INTRODUCTION 
With the rapid development of internet technology, online social media has become the main platform 
of information dissemination. Compared to the traditional mass media, online social networks have 
fewer constraints. For example, people can not only obtain instant information from a range of 
different social platforms, such as Facebook, Twitter, Snapchat, etc., but also freely share their texts, 
pictures, videos, and repost the interested information. Merchants advertise their merchandise, 
terrorists spread illegal information, idols propaganda their works, which makes network information 
so volume, heterogeneous, and complicated that online social network attracts an increasing number 
of researchers studying it. 
Network information is contagious. For a web event, if the users are very concerned about it and 
continue to publish microblogs and share their opinions, it will eventually lead to that web event 
breaking out. On the contrary, if netizens are indifferent to that web event, it may lead to the web 
event decline and will not cause social impact. We clearly remember the impact of the event ISIS 
killing the hostages, because the terrorist organization promoted terrorism through social network, 
post provocative article to delude netizens to join them, and post horror video to make social panics. 
Also, netizens condemn them and fear them on social network. Like these web events that pollute the 
environment of social network. Hence, user social influence analysis is a very necessary research 
direction for finding influential users and controlling the evolution of web events. It also can be 
applied to viral marketing [1, 2], recommender systems [3, 4], etc. 
There is a large number of excellent works on social influence analysis. In the mid of nineteenth 
century, there already had many studies on social influence of real society. Katz et al [5] studied the 
pulse of voters during the presidential election, Deutsch et al [6] found the effect of normative social 
influence, and Granovetter et al [7] studied the strength of social weak ties. Until now, with the 
development of social media, not only the relationships in real society are mapped to the Internet, but 
also more and more relationships between strangers are built. The new emerging platforms are more 
attractive for social influence analysis. [8, 9] found influential users by statistical. Eigenvector 
centrality [10], pagerank [11], and katz score [12] were also used to compute social influence. [13, 14] 
also studies the social influence in scientist groups and co-author network. And there are also other 
applications, such as information diffusion analysis [15, 16] and event detection [17]. 
Thereinto, much social influence analysis work so far have focused on Twitter, which is a news 
spreading medium. Twitter users can post and repost their interesting microblogs, and in the 
microblogs users can @username to get others attention to read their microblogs. Users can comment 
on other users’ microblogs [8]. In our work, we regard repost, comment and @username as three user 
interaction behaviors. And we analyze social influence based on Weibo, which is Chinese largest 
social platform analogous to Twitter. 
However, existing works are still with following limitations: 1) Not combining user behaviors and 
user posted semantic information. There is a mutual influence between user behaviors and user 
posted semantics in a social event. If a celebrity posts a microblog, this microblog may become 
famous and attract volume followers comment and repost this microblog because of the influence of 
the celebrity. Like Chinese famous actress Bingbing Fan, she posted a microblog with just one 
word ”We”, and so far 400 thousand users commented on this microblog and 500 thousand users 
reposted this microblog. A normal user posts a microblog with much novelty and if this microblog 
grabs a lot of attention, this microblog also increases this user’s influence. So taking into account the 
semantic information is necessary for social influence analysis. 2) The changing of influence is not 





considered. A web event may go through latency period, outbreak period, and decline period during 
its evolution process. In different periods, the influential users may not be the same. 
Our work is to find influential users in the evolution process of web event. Due to the constantly 
evolving web event, influential users also change in different periods of time. And capturing the new 
influential users in time is meaningful for many applications, such as we could adjust strategies for 
product marketing. Therefore, the influential users we find here is based on different stages of web 
event rather than based on the life course of web event. We build user behavior network and keyword 
association link network respectively, and then link the two networks. Not only nodes within the 
network will interact with each other in homogeneous network, but also the interactions exist across 
homogeneous networks. Hence, we propose an iterative method to compute the value of social 
analysis of users based the two networks and finally we obtain an influential user ranking. The 
overall process is shown in Figure 1. On the left-hand side of figure is our dataset of web event 
British Referendum, including microblogs content, comments on microblogs, reposted microblogs, 
@username. In the middle part of the figure shows two-layer network, i.e., user behavior network and 
keyword association link network. In user behavior network, there is a link from user A to user B if A 
comments on B’s microblog, A forward B’s microblog, or B @username of A. In keyword association 
link network, there will be a link between two keywords if two keywords co-occurring frequently in 
microblogs. On the right-hand side of figure is the ranking of influential users, which is the output of 
our algorithm. Our contributions are as follows: 
(1) We do not merely consider the interactions between users’ behaviors in homogeneous network, 
but also take account of the impact of semantic information represented by ALN-M (Association 
link network of microblog) on users. In most studies, social influence computing is just based on 
homogeneous network, such as follower network and user behavior network. In this paper, our 
method considers the factors of posted semantic information and link the two networks to form a 
heterogeneous network, and iteratively compute the influential users in the evolution process of 
web event.  
(2) In the evolution process of web event, influential users are constantly changing. In different 
period of web event, influential users are not the same. Therefore, we build the time labeled 
two-layer network, and each time interval of web event has a corresponding two-layer network, 
so that we can find influential users in different time granularity. In this paper, we take one day 
as the time interval and find event-based influential users. 
The remainder of this paper is organized as follows: Section 2 reviews related works. The details of 
the proposed approach are described in Section 3, which also introduces the building of the two 
networks and the link of the two networks. Section 4 presents the experimental setup and evaluation. 
Finally, we conclude this study in Section 5. 
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Figure 1. Our proposed framework for the computing of influential users. 
2.  RELATED WORK 
The explosive growth of social media provides the diversity of social platforms, e.g. Twitter, 
Facebook, Flickr, Instagram, which become our mutual communication tools. Under such condition, 
research on social media analysis also become diversified. In this section, we introduce the 
background of related field, especially in the areas of social influence analysis. 
Katz et al [5] studied the pulse of voters during the presidential election, they found each social 
stratum generated its own opinion leaders and these small number of opinion leaders affected most of 
the ordinary people. Deutsch et al [6] found normative social influence can be exerted to help make 
an individual be an individual and not just a mirror or puppet of the group. Granovetter et al [7] 
studied the strength of social weak ties. In general, strong ties guarantees the most communications 
between friends, but weak ties often play a key role in novel information(such as job information) 
spread. 
Social analysis has various application in online social networks, such as emotion influence 
analysis [18, 19], information diffusion analysis [15, 16], viral marketing [1, 2], recommender 
systems [3, 4], event detection [17], and social influence analysis [8, 9, 20]. And there are also some 
commercial services, such as Klout [21], Kred [22], Twitalyzer [23]. Social influence analysis, which 
is attaching more and more attention by researchers, is also our research field. 
Cha et al [8] used indegree, retweet, and mention, these three activities represent the influence of a 
user. And they have a conclusion that retweets and mentions are the activities more influence than the 
indegree activity. Pal et al [9] made a more detailed division on statistics. For example, they 
categorized tweets into three categories: original tweet, conversational tweet and repeated tweet, and 
for original tweet they extracted several statistical features (e.g. number of original tweets, number of 
links shared, and number of keyword hashtags used). Then they fund the influence users by these 
specified features. Embar et al [24] not only considered the comment of tweets, retweet, and the 
number of tweets posted by a user, but also took centrality of user in graph, response rate into account. 
They tracked user influences over multiple time-scales, so that they can identify both all-time 





influential users and recent influential users.  
The use of topology of a network is a main method in traditional social influence computing. 
Closeness centrality [25, 26] needs to calculate the shortest path between all pair of nodes in the 
network, so the cost of computing is large and the advantage is able to measure the indirect influence 
of a node. Betweenness centrality [27] could find the connector between two communicties. 
Eigenvector centrality [10], PageRank [11], and katz score [12] also have a wide applications. And 
there are also improved method used in Twitter. Weng et al [20] proposed TwitterRank, an extension 
of PageRank algorithm, to measure the influence of users in Twitter. TwitterRank combined the event 
model and with the link structure to measure the influence. Feng et al [28] measured user influence in 
the Twitter network with modified k-shell decomposition algorithm, which is running faster and more 
effective at identifying a small group of users than the original algorithm. 
Wang et al [29] took into account the two parts of social influence: the possibility of impact 
between two users, and the importance of each user. In addition, they emphasized the effects of 
common neighbor between two users. There are also some social analysis researches in other types of 
networks. Jiang et al [13] analyzed social influence of scientist groups, and the proposed model took 
two general group types (hierarchical and nonhierarchical) and two general collaboration situations 
(the independently multiplex collaboration relationships and the correlated multiplex collaboration 
relationships) into consideration. Tang et al [14] proposed Evental Affinity Propagation (TAP) to 
model the event-level social influence on large networks. And that model applied to the co-author 
network. 
Most of methods study social influence only by user network, e.g. follower and followee network, 
user behavior network, which is too simple to find the influential users. Semantic information is also 
very considerable for social influence analysis and we should take into account. Zhuge et al [30, 31] 
studied the construction of semantic network and sentence ranking, which is instructive to our work. 
Xuan et al [32, 33] work on matrix also inspire us. 
Table 1 Notations in this paper 
Symbol Description 
 User influence value 
 Time interval 
 Web event 
 User behavior network 
 Association link network of microblog 
 Weight of link from node  to node  
 bipartite graphs between user and keyword  
 Influential scores of users  
 Ranking scores of keywords 
 contribution of homogeneous network for the computation of user influence 
 contributions of heterogeneous network for the computation of user influence 
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3.  OUR METHOD 
Before introducing the model of user social influence computing, we present some basic definitions 
and algorithms used in our model and our viewpoint on defining social influence and notations. The 
notations are presented in table 1. 
In the proposed model, the method of building user behavior network and user content network is 
firstly introduced; then, two homogeneous networks are associated as a heterogeneous network; 
Finally, we iteratively compute the social influence of users through two-layer network. Our method 
is based on two assumptions [34]. 
Assumption 1: A user has a high influential score if she/he is linked by many users and by few but 
very influential users, and a keyword has a high rank if it is linked by many other keywords and by 
few but highly ranked keywords. 
In this assumption, links between users represent their interactions in behavior network, and links 
between keywords represent keywords co-occurrence in user content network. This assumption is 
similar to PageRank of which description is a page has high rank if a page has many backlinks and 
when a page has a few highly ranked backlinks. 
Assumption 2: A user should have a high influential score if her/his microblog contains many 
highly ranked keyword, and a keyword would have a high rank if it appears in the microblog from the 
influential user. 
This assumption is similar to HITS if we consider keywords and users as authorities and hubs 
respectively. We give the following intuitive description of assumption 2: if a celebrity posts a 
microblog, because of the influence of the celebrity, this microblog may become influential. And if a 
microblog is famous and has a lot of users to comment and repost this microblog, this microblog also 
increases this user’s influence. This is similar to the rules that important words appear in important 
paragraphs as discussed in [30, 31]. 
3.1 User social influence 
In previous studies, social influence is defined in a number of different ways and influence user is 
also called opinion leader, influential user, influencers, etc. And social influence of users also has 
different explanations, for example, it can represent user influence in the entire social network, or in a 
particular field, or in a specific event; it also can be the capability to be opinion leader of an event. In 
this paper, we give our own definition of user social influence. 
Definition 1 Social influence of a user. User social influence is the ability to influence disseminate 
information in the evolution course of web event. User social influence is reflected in reposted and 
comment number of user’s microblogs, and the influence of microblogs, etc. This is similar to 
PageRank, a user has a highly influential score if she/he is linked by many users and by few but very 
influential users. The social influence of user is represented by a normalized value into the range of 
[0,1], and for a specific user, her(his) influence may change in different time interval. So the social 
influence of a user can be represent by, 
                            (1) 
where v denotes the social influence value of user u, ti denotes the time interval of event Ev. If a 
user’s social influence value is 1, then this user could be of great ability to affect the development of 
web event. 





3.2 User behavior network 
When an event occurs, online users can post their views by these newly emerging social media at any 
time and in anywhere. Users can post and repost their interesting microblogs, and in the microblogs 
users can @username to get others attention to read their microblogs. Users can also comment on 
other people’s microblogs. We regard repost, comment and @username as three user interaction 
behaviors. If many celebrities participate in the discussion of the event, online users will produce 
large quantity of interaction behaviors. Under the interaction behaviors, information evolved in the 
process of propagation and development of the event may become uncontrollable. There is no doubt 
that the perception of interaction behaviors is crucial for evaluating the development situation of web 
event. Building user behavior network based on interaction behaviors and analyzing structure of 
behavior network is a valid way to perceive the interaction behaviors. According to [5], a small 
number of opinion leaders affect most of the ordinary people, so it is meaningful to find out the most 
influential users to control the information dissemination and the development of web event. First of 
all, we should build user behavior network [35] which is the startpoint to social influence analysis.  
Definition 2 User behavior network. User behavior network is constructed by user nodes and their 
interactive behaviors, including repost, comment, and @username behaviors. User interactive 
behaviors promote information dissemination and event evolution so that user behavior network can 
reflect user influence in a certain extent. User behavior network is modeled as a directed graph 
                               (2) 
where V denotes users in the network, E denotes edges which represents interaction behavior 
relationship which contains users, and t denotes the occurrence time of the relationship. 
 
Figure 2. An illustration of three main user behaviors, e.g. @ behavior, repost behavior, and comment 
behavior. 
As shown in Figure 2, for each microblog, we can see that it comments, reposts and @ another user, 
where all these interaction behaviors have their corresponding timestamps. If Bob comments a 
microblog posted by Tom at time t, then there is an edge from Bob to Tom in the user behavior 
network. According to the timestamp t of user behavior, we can get different user behavior networks 
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in different time interval. In our user behavior network, each node denotes a user. When there is a link 
between two users, it means they have an interactive behavior which can be comment, repost or @ 
behavior. The weight of the link  presents the strength of this interaction behavior between 
users, and  is evaluated by the number of interactions. 
3.3 User content network 
When a hot event breaks out, explosive growth of microblogs take place in social network. 
Event-related content is discussed by large number of users through posts, reposts, and comments. A 
great deal of repeated semantic content cause cognitive complexity of users and hinder the research 
of event evolution. 
Definition 3 Association link network of microblog(ALN-M). ALN-M, which is constructed by 
words and their associations, aims to establish associated relation among keywords from various 
microblogs. ALN-M is represented by, 
                             (3) 
where W is a set of keyword nodes, and L denotes a set of weighted links belong to W×W. Each short 
microblog contains some keywords and these keywords may co-occur in different microblogs, so the 
semantic content of web event can be expressed by the keywords and their association rules [30, 36], 
which eventually forms user content network, namely association link network of microblog. 
Every link in ALN-M has a timestamp t. ALN-M is similar to user behavior network that can be 
divided into different networks according to timestamp. , which is the weight of link between 
node i and node j, denotes the strength of association relations. And it is computed by, 
                             (4) 
where  denotes the support of node i and node j. In ALN-M, each node represents a word. When 
there is a link between two words, it means these two words frequently co-occur in one microblog. 
Unlike ALN, ALN-M is improved by adapting the characteristic of short text of microblog. While 
mining the semantic information, we take one microblog as a transaction. And each microblogging or 
commentary has a time tag, so we can build ALN-M in different time interval. 
In data processing phase, word segmentation is an indispensable part of it. We collect the network 
terms as user dictionary, which ensure the accuracy of word segmentation and the integrity of 
semantic information. 
3.4 The association of two networks 
After building the user behavior network and user content network, we get two sets of 
nodes.  and  represent user set and keyword set, respectively. In 
order to associate the two networks, we build the bipartite graphs between user set U and keyword set 
N. The association rule is as follows: if user  post a microblog and this microblog contains the 
keyword , then we create a link  between  and . And the network is represented by, 
                            (5) 
where V and W denote user set and keyword set, respectively. L denotes link set and t denotes the 





occurrence time of the link. 
After the association of two networks, we get the two-layer network. This two-layer network can 
be represented by three matrixes, 
                       (6) 
                    (7) 
                       (8) 
where  denotes user behavior matrix,  denotes ALN-M matrix, and  
denotes association matrix of behavior network and user content network. These three matrixes are 
normalized to make sure each value ranging from 0 to 1. And for , each value is 0 or 1 as 
follows: 
                  (9) 
3.5 Iterative algorithm of two-layer network for user social influence computing 
PageRank [37] computes the importance of nodes in homogeneous network: a page has high rank if 
the sum of the ranks of its backlinks is high. Similar to World Wide Web, user behavior network and 
ALN-M are also homogeneous networks. A user has high rank if the sum of the ranks of his/her 
neighbors is high, the same to the keyword. HITS [38] is another algorithm for analyzing 
homogeneous network and it divides the pages into hubs and authorities, which likes a bipartite 
graphs. Despite our two-layer network is a heterogeneous network, the user and the keyword can be 
considered as hubs and authorities. Therefore, combing the PageRank and HITS into one model is 
meaningful for social influence analysis [31, 34, 39]. 
We use two vectors  and  to denote the influential scores of users 
and ranking scores of keywords, respectively. In this paper, influential score  is the 
vector we want instead of keyword ranking vector , but keyword ranking vector is a 
very important part in our model. 
According to assumption 1 and assumption 2,  can be computed as follows: 
                 (10) 
and  can be computed as follows: 
             (11) 
Based on the above two formulas (10) and (11), we still consider two factors. One is that two 
parameters should be presented to indicate the contributions of networks for two vectors. And the 
other is that the computation of two vectors is an iterative process. Therefore, we improve the 
formulas above: 
                 (12) 
             (13) 
where  and  denote the contributions of homogeneous and heterogeneous network for the 
computation of two vectors, and . In this paper, we consider homogeneous and 
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heterogeneous network and they have the equally influence for two vectors’ computation, i.e., we set 
 and , respectively.  
When the difference of vector ,  and ,  are less than a certain 
threshold, the iteration is considered to achieve convergence. In this paper, the threshold is 0.0001. 
The whole procedure is summarized in Algorithm 1. 
Algorithm 1 computation of user influence 
Input: two-layer networks(user behavior network , user content network ,) 
in  
Output: influential scores  and keyword ranking vector  
1. initializing two vectors 
2.for  in time series  of event  
3.  tag=true 
4.  while tag do 
5.    update  by Eq.12 
6.    update  by Eq.13 
7.    if |dis( ) + dis( )|< 0.0001 
8.      tag=false 
9.    end if 
10.  end while 
11.end for 
 
4.  EXPERIMENTS 
In this section, we introduce the datasets we used and discuss the evaluation of our model by two 
metrics. 
4.1 Datasets  
Our datasets are extracted from Sina Weibo(weibo.com) which is a biggest social platform in China 
analogous to Twitter. We crawled microblogs on six events with totally 18 thousand microblogs, 230 
thousand reposts and 115 thousand comments. For each event, we crawled the microblogs for three 
days. More detailed information about datasets are listed in the table 2. 
Table 2 Details of dataset in our experiment 
Topic Microblog number Comment number forward number 
Shanghai Disneyland 1,496 7,349 18,497 
British Referendum 8,871 45,593 81,047 





Hangzhou G20 Summit 813 1,947 5,460 
Samsung Note7 exploded 1,734 23,251 46,642 
New IPhone released 3,129 29,915 47,119 
US election 2,063 9,809 34,125 
Total 18,106 117,864 232,890 
4.2 Evaluation metrics 
At present, there is no general data set for social influence analysis, and different studies focus on 
different aspects of social influence, e.g. some study the social influence in a given domain, some 
study the social influences through scientists’ collaboration on scientific activities. These two points 
increase the difficulty of finding a good comparison method. At last, we choose [24] as our contrast 
method, which is similar to our study, e.g. finding influential users in the evolution process of web 
event through microblogging short text, updating influence score at real-time. 
To evaluate our method, we consider two metrics: 
1. Metric 1: influential user ranking. Comparing the ranking of influential users of two methods. 
We select top 10, 20, 30, 40, 50 influential users for experimental analysis, respectively. 
2. Metric 2: semantic information measuring. We want to find the influential users in the evolution 
process of web event, so it is necessary to consider the semantic information of microblogs of 
influential users. If a user posts a microblog, which has a lot of comments and forward and the 
content is so important that affect the evolution of the event as well. Then, this kind of user is the 
influential user we want to find. Herein, we propose semantic coverage and semantic contribution to 
measure the semantic information of influential users. The following equations are the proposed 
metrics: 
                           (14) 
                         (15) 
Where  denotes semantic coverage of top-k users,  denotes semantic information of 
 computed by [40], N denotes user set.  denotes semantic contribution of top-k users, 
and . 
4.3 Experimental results and discussions 
We achieved the method of contrast test, taking into account the number of microblog, comment, and 
forward of users, and PageRank value of users in behavior network, etc. User influential score will be 
obtained by contrast method. Due to the different calculation methods, we just compare the user 
influential ranking instead of comparing user influential score. 
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Figure 3. Visualization of the user score in six events. 
In figure 3 we plot user score in six events presented by six subfigures. Each point in the plot 
denotes the user and his/her corresponding influential score in y-axis. We can see most of influential 
score range from 0.2 to 0.7, and few users get the score of over 0.9 or less than 0.1 point. In other 
words, very few users have a very high social influence or have no social influence. 
4.4 Ranking of influential user 
In order to compare the user ranking of the two methods, we select top 10, 20, 30, 40, 50 users 
respectively to compute the number of overlapping user. As shown in the table, there are only three in 
top ten users, which less than the half. But with the increase of the influential users, the proportion of 
overlapping users increased. When we select top-50 influential users of each method, there are 29 
overlapped users. The detailed influential user ranking of event British Referendum is showed in 
appendix. 
Table 3. The average overlapped number of top-k users of six events in different time interval 






The results indicates that most of the influential users selected by the two methods are the same, and 
the difference is the ranking of influential users. 





4.5 Semantic information measuring  
Semantic coverage 
According to the influential user ranking of two methods, we can see that the more user we choose, 
the higher the proportion of the overlapping user. In next, we measure the two methods in the aspect 
of semantic coverage. We want to find the influential users in the evolution process of web event, so 
that the semantic information of microblog posted by user is another essential measure for evaluating 
influential users. When a user is very popular and semantic coverage of his/her microblogs is high at 
the same time, and then this user is the influential user can affect the evolution of web event. 
 
(a) Semantic coverage of six events and average 
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(b) Average semantic coverage of two methods 
Figure 4. Semantic coverage of top-k users 
 
Figure 4(a) shows the semantic coverage of six web events and their average semantic coverage 
(the black line in figure 4(a)) of our method. It can be seen that the x-axis is the number of 
user(top-k), y- axis represents the percentage of semantic coverage. The semantic coverage of top10 
user is already up to 0.7, and with the increase of users, the curves become converge. Figure 4(b) 
shows the average semantic coverage of six web events of two methods. From the graph we can see 
that the semantic coverage of our method is higher than the contrast method in different coordinates, 
and the rate of semantic convergence of our method is faster. 
 
(a) Semantic coverage of top-k users of six events and their average excluding the overlap users 
 





(b) Average semantic coverage of two methods excluding their overlap users 
Figure 5. Semantic coverage of top-k users excluding the overlap users of two methods 
Next, we remove the overlapping users in top-k ranking of two methods, which means the left 
influential users of each method are unique. And then we compare the semantic coverage of unique 
users of each method. Figure 5(a), shows the semantic coverage of six web events and average 
semantic coverage of our method with the overlapping users removed. Figure 5(b) shows the average 
semantic coverage of six web events of two method in the condition that the overlapping users have 
been removed. It can be seen that the semantic coverage of our method is significantly higher than the 
contrast method when the overlapping users are removed, which demonstrates that influential users 




(a) Semantic contribution of unique users of six events and their average in overall semantic 
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(b) Average semantic contribution of unique users of two methods in overall semantic 
Figure 6. Semantic contribution of top-k users unique users of each method in overall semantic 
Then we compute the semantic contribution of unique users of each method to the overall semantic 
of top k influential users. Figure 6(a) shows the semantic contribution of six web events and their 
average semantic contribution of unique users of our method. Figure 6(b) shows average semantic 
contribution of six web events of two methods. That shows the unique users selected by our method 
have higher semantic contribution for over semantic, which also demonstrate that influential users 
selected by our method have richer semantic information. 
5 APPLICATION 
The work of finding influential users can be valuable in many applications. First, discovering the 
influential users will help for viral marketing. “ZEALER China”, who has million followers in Weibo, 
is a well-known Weibo user. He often post technology-related microblogs, especially about mobile 
phone test, experience introduction about the new released phone, etc. “ZEALER China” is also an 
influential user in the event new Iphone released. Therefore, if mobile phone manufacturers is 
releasing a new phone and want to advertise through social media, influential users of tech events like 
“ZEALER China” is their best choice. But in this paper, we just find the global influential users of 
web event rather than influential users in specific populations. That is to say, we could not do targeted 
advertising in teenager community or adult community. Besides, influential user discovery also can 
be applied in intelligent friend recommendation. For example, if a Weibo user interested in sports, 
then influential users in sports events will be recommended to this Weibo user. Besides Moreover, 
identifying influential users can also help carding the information spread of web event. Due to the 
activity and participation in web event of influential users, influential users play a promoting role in 
the information spread course of web event. Therefore, identifying influential users could help grasp 
the information spread of web event. 





6 CONCLUSION AND FUTURE WORK 
In this paper, we have proposed a two-layer network-based method to find the influential user in the 
evolution process of web event. The proposed method mainly consists of two procedures: the 
construction of two-layer network and iteratively find the influential users based on the constructed 
network. For the construction of two-layer network, the user behavior network has been constructed 
according to the user interaction behaviors and the user content network has been constructed 
according to the contents of the user's microblogging and comment respectively, and then two 
networks has been associated to form a two-layer network. The two networks are homogeneous 
networks and the associated network are heterogeneous network. The social influence of user is not 
only reflected by the interaction behaviors, but also affected by the semantic information of his/her 
microblogs. Therefore, for the procedure of iteratively calculation, the PageRank algorithm has been 
applied to homogeneous network and HITS algorithm has been applied to heterogeneous network. 
We have combined these two algorithms into our framework, and finally get an influential user 
ranking. Our model can be summed up as an important entity discovery model based on entity 
network and background knowledge network. At last we select six events to validate the effectiveness 
of our method. The experimental results show the good performance of the proposed method. 
In the future work, we will study the evolution of user influence. The influence of a user will 
change in different stage of web event and in different web events. We hope we can get a deeper 
insight into mechanism of social influence. The study of user influence evolution will make social 
influence analysis appropriate for a widely application. 
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Influential users in event British Referendum on June 25 2016 
nickname value rank 
华尔街日报中文网 1 1 
环球市场播报 0.937376 2 
央视财经 0.84001 3 
英国报姐 0.738961 4 
财经网 0.719898 5 
汇通财经 FX678 0.694709 6 
IT之家 0.649651 7 
Wind资讯 0.643993 8 
香港商報網 0.640904 9 
MACD波段操作王 0.636259 10 
 
Influential users in event British Referendum on June 26 2016 
Nickname value rank 
环球市场播报 1 1 
头条新闻 0.849617 2 
英国报姐 0.649485 3 
尹国明 0.628847 4 
今晚报 0.605365 5 
香港商報網 0.601348 6 
人民日报海外版-海外网 0.58993 7 
中国经营报 0.568288 8 
新华国际 0.559279 9 
西部商报 0.547324 10 
 
Influential users in event British Referendum on June 27 2016 
nickname value rank 
环球市场播报 1 1 
FT中文网 0.999022 2 
华尔街日报中文网 0.921435 3 
汇通财经 FX678 0.747072 4 





证券日报之声 0.669715 5 
股通大亨 0.664634 6 
投资界微博 0.595073 7 
早报网 0.593667 8 
北美新浪 0.568021 9 
香港商報網 0.529355 10 
 
